1 Current implantable devices that allow for recording and stimulation of brain activity in humans 2 are not inherently designed for research and thus lack programmable control and integration with 3 wearable sensors. We developed a platform that enables wireless and programmable intracranial 4 electroencephalographic recording and deep brain stimulation integrated with wearable 5 technologies. This methodology, when used in freely moving humans with implanted neural 6 devices, can provide an ecologically valid environment conducive to elucidating the neural 7 mechanisms underlying naturalistic behaviors and developing viable therapies for neurologic and 8 psychiatric disorders. 9 Main 12 Traditional methods for recording and modulating brain activity in humans (e.g., fMRI, MEG, 13 TMS) require immobility and are thus limited in their application during laboratory-based tasks 14 low in ecological validity. Given the recent increase in medical therapies using implanted neural 15 devices to treat and evaluate abnormal brain activity in patients with epilepsy [1] and other 16 neurologic and psychiatric disorders [2-6], recording and modulating deep brain activity during 17 freely moving behavior is now possible. There are already over two thousand individuals with 18 chronic sensing and stimulation electrodes implanted within the brain, with the number expected 19
lobe, basal ganglia) areas depending on an individual's clinical prognosis. Patient populations 23 with implanted neural devices thus provide a rare scientific opportunity to directly record from 24 and stimulate a variety of locations within the human brain during freely moving behaviors 25 without the confounds of immobility and motion-related artifacts present in other recording 26 methods [7] [8] [9] . A few neuroscientists have begun to capitalize on this opportunity [10] [11] [12]. 27 However, these recent studies did not provide universally applicable methods for real-time 28 viewing and control nor the ability to stimulate and perform precise synchronization of the 29 intracranial electroencephalographic (iEEG) and externally acquired data during free movement. 30 Here, we provide a first-of-its-kind mobile deep brain recording and stimulation (Mo-DBRS) 31 platform that enables flexible wireless control over chronically implanted neural devices and 32 synchronization with wearable technologies that can record heart rate, respiration, skin 33 conductance, scalp EEG, full-body movement/positional information, and eye movements. 34 Moreover, when used in conjunction with virtual/augmented reality (VR/AR) technologies, the 35 Mo-DBRS platform can provide ecologically valid environments to simulate real-world 36 experiences and open a new area of research in the fields of basic, cognitive, and clinical 37 neurosciences. 38 We implemented, characterized, and validated the components of our Mo-DBRS 39 platform in five research participants (Table S1 ) previously implanted with the RNS System 40 (NeuroPace, Inc., Mountain View, Fig. 1a ) with electrodes in a variety of medial temporal and 41 frontal regions ( Fig. 1b , Table S2 ) for treatment in accordance with the product labeling. All Lite thus requires a separate stand-alone electromagnet device with sufficient driving power that 74 can send a Magnet command, which can be triggered 1) with a physical button press, 2) at a pre-75 configured repeated number of programmable seconds (Fig. S2a) , 3) or be fully programmable 76 ( Fig. S2b ) via a RP server that sends Magnet commands on-demand once a selected message is 77 received from the local network. For all three options, a visible LED worn externally ( Fig. S2b ) 78 is triggered simultaneously with the Magnet and can be used to synchronize the stored iEEG 79 activity offline with data acquired from external wearable devices. For the 3rd option, the RP 80 timestamp logs can be used in addition to the Magnet command and LED for synchronization 81 purposes. 82 One unique aspect of the Mo-DBRS platform is that it can be used with human 83 participants who can wear on-body sensors and devices (wearables). We, therefore, include in 84 the platform, solutions for synchronization of iEEG, DBS, and wearable technologies including 85 full-body motion capture (Figs. 2b, S1e-f), eye tracking (Figs. 2c, S1a,c), biometrics (heart rate, 86 skin conductance, respiration, Fig. 2d , S1d), and scalp EEG ( Fig. 2f ). In addition to traditional 2-87 D computer-based tasks ( Fig. S1c ) and real-world scenarios ( Fig. S1a ), the Mo-DBRS platform 88 can also allow participants to view synchronized task stimuli on wearable VR/AR headsets (Figs. 89 2a,h, S1e-f) that simulate naturalistic real-world experiences, therefore, allowing for full head 90 and body movements under experimental control. 91 Currently, researchers use a variety of stimulus presentation software programs (e.g., 92 Matlab, Python, Unity, etc.) on an Experimental Computer ( Within the yellow boxes, the black arrows show the communication flow (commands sent), blue arrows show the data flow (gray boxes indicate real-time data transfer and gray circles indicate local on-device storage), and red arrows point to one possible synchronization solution between different components. a, An example participant wearing the full Mo-DBRS platform with a VR headset (also works with an AR or eye-tracking headset). b, Wall-mounted cameras for 3-D full-body motion tracking used to record position and movement streaming in real-time at a rate of 120 fps. Cameras are connected through the local wireless network, and a preconfigured recording is controlled with a start/stop function. In the recording box, there is an example realtime view of the participant's location (left) and an extracted top-down view of the participant's movement (right). c, Wearable eye-tracking system with 120 fps head direction camera and 200 fps eye cameras used for real-world environment studies. Eyetracking is synchronized with wearable or wall-mounted motion capture cameras from within the Experimental Task Paradigm controlled via the Experimental Computer. The eye-tracking headset is connected through the local wireless network awaiting start, stop, calibrate, or annotate commands. In the recording box, there is a snapshot view from one eye tracking camera (right), and a 2D projection of pupil movement (left). d, The wearable biometric system for heart rate, skin conductance, and respiration measurements. In the recording box, there is an ECG recording trace in line with a synchronization signal containing a 400 ms wide synchronization pulse. e, The wireless implantable RNS Neurostimulator, which is connected/synchronized with the Experimental Task Paradigm controlled by the Experimental Computer through the local wireless network via the RP. In the recording box, there is an example of a raw Real-Time iEEG data trace with an example Mark command signal used for synchronization. f, Wearable scalp EEG cap. In the recording box, is an example 2000 Hz sampled scalp EEG data trace with an example Mark command signal used for synchronization. g, Experimental Computer (e.g., laptop, tablet, or phone) running the Experimental Task Paradigm. h, VR/AR headsets integrated and synchronized that are shown include the SMI Samsung Gear VR, Microsoft HoloLens, and Magic Leap, but others can also be used (HTC Vive, Oculus, etc). For studies done in a real-world environment, h step can be bypassed, and eye-tracking goggles shown in c can be used instead. solutions for the most commonly used programming environments (i.e., Matlab, Unity, and 97 Python), allowing experimenters to adapt and upgrade their Experimental Task Paradigms to 98 work with the Mo-DBRS platform. We also provide a graphical user interface solution for use on 99 a phone/tablet ( Fig. S5 ) in the case of manual non-automated tasks. It must be borne in mind that 100 the specific wearable platform version that is utilized (i.e., Mo-DBRS or Mo-DBRS Lite) affects 101 the system setup and, as such, the tradeoffs must be considered during the design of the 102 Experimental Task Paradigm (see Supplementary Information and Table S3 ). 103 All wearable equipment is connected to the same local network, and is synchronized with simultaneously and, therefore, can be customized for a specific research study ( Fig. S1 ). 110 While iEEG allows for recording of activity within specific deep brain structures, scalp 111 EEG remains a prominent method to probe the human brain, as it is a more readily available 112 methodology due to its non-invasive nature [9] [13]. The Mo-DBRS platform allows for 113 simultaneous iEEG and scalp EEG ( Fig. S7 )-an opportunity that can elucidate a link between 114 deep and surface brain activity and bridge findings across studies. To enable simultaneous iEEG 115 and scalp EEG, we developed two solutions for minimizing RNS System telemetry-related 116 artifacts in scalp EEG data through the use of a programmable switch for disabling/enabling 117 telemetry (Telemetry Switch, Figs. S8, S9) and signal processing methods for noise reduction 118 (Online Methods, Figs. S10, S11, S12). 2 We outline below detailed methods needed to re-create the Mo-DBRS platform as well as 3 suggested solutions for proper use, setup, and synchronization of data streams. We also describe 4 the procedures used to validate the platform capabilities as well as characterize synchronization 5 latencies. Corresponding findings are presented in Supplementary Information. Required code 6 and algorithms are publicly available as open-source code and can be downloaded from GitHub 7 (https://github.com/suthanalab/Mo-DBRS). 8 Intracranial EEG (iEEG) Data Acquisition 9 The FDA approved RNS System ( Fig. 1a ) includes an implantable neural device (RNS 10 Neurostimulator) used to detect abnormal electrical activity in the brain and respond by 11 delivering imperceptible levels of electrical stimulation to normalize brain activity before an 12 individual experiences seizures. Each participant with an RNS System has one or two implanted 13 depth electrode lead(s) that are 1.27 mm in diameter, each with four platinum-iridium electrode 14 contacts (surface area=7.9 mm 2 , 1.5 mm long) with an electrode spacing of either 3.5-or 10-mm. 15 To localize electrode contacts to specific brain regions, a high-resolution post-implantation CT 16 image is obtained and co-registered to a pre-implantation whole brain and high-resolution MRI 17 for each participant using previous methods [1] (Example Fig. 1b Field Telemetry when placed on the surface of the head (Fig. 1d ). Time iEEG synchronization and Magnet pulses for Magnet-triggered iEEG storage (Fig. 1d 220 We tested the Mo-DBRS platform in-vivo in five participants previously implanted with 221 the RNS Neurostimulator (Table S1) In-vivo testing 229 Five participants wore the Mo-DBRS platform and maneuvered freely through an indoor 230 environment, where wall-mounted motion capture cameras were used to monitor position and 231 full-body movements with sub-millimeter precision (Fig. 2b) . Eye position and movements were 232 recorded with the Pupil Core eye-tracking headset (Fig. 2c ) worn and carried with the Pupil 233 Mobile phone device inside of a wearable backpack (Fig. 1c, Fig. S1a ). Heart rate (ECG) was 234 measured from the participant's chest, and skin conductance via sensors from the fingers (Fig.   235 2a,d, Fig. S1d ). Participants also wore a scalp EEG cap and were asked to carry a sturdy 236 backpack in which we placed necessary equipment (e.g., Mo-DBRS Research Tools, scalp EEG 237 amplifier and data acquisition tablet). Participants were able to wear the setup comfortably for 238 several hours throughout the day. The Wand and Wand Tool were tightly strapped together with 239 a 'Wand holder' (iPhone holder was used; Fig. 1c, Fig. 2a, Fig. S1) telemetry was established, it was fixated to the scalp EEG cap using Velcro tape placed on the 246 side of the Wand Tool that was secured to the participant's head (Fig. 1c, Fig. 2a, Fig. S1 ). We 247 tested both the full Mo-DBRS and Mo-DBRS Lite versions of the platform, which differed in 248 how iEEG data was handled (see Table S3 and tracking software, motion capture software, and biometric measurements ( Fig. 2b -d) . The Magnet events when using the Mo-DBRS Lite version. 265 All commands were sent from the Experimental Computer using Unity software (see 266 GitHub for example code). After the experimental session, all data is then collected, 267 synchronized, and scalp EEG can be cleaned using the methods described in the scalp EEG Mark command artifacts. Ten trials of the Mark command showed a discrepancy in the range of 309 12 -16 ms (Fig. S3f ). This offset came from the recording frontend, digitization (250 Hz 310 sampling), and wireless telemetry.
Mo-DBRS Platform Components and Setup

Mo-DBRS Platform characterization and validation
311
Mo-DBRS platform synchronization 312 We detail here an example solution for utilizing the Mark command for synchronization. Mark command. The LED can be connected and controlled by the RP. 339 Synchronization, monitored by the Experimental Task Program (Fig. 2, Fig. S13 Telemetry Artifact Reduction section below). 359 We performed referential recordings from all accessible channels in the scalp EEG, at 360 2000 Hz. A higher sampling rate was necessary in order to capture the full frequency range of 361 the RNS Wand telemetry signals in order to model the artifacts that are later used in the cleaning 362 procedure. The referential input signal range is up to 1000 mVpp, which was again useful for 363 capturing large telemetry artifacts and for preventing amplifier saturation. For more information 364 on the amplifier specification, see [7] . 365 Scalp EEG data was processed and synchronized with iEEG data using Matlab 2018a 366 with the Wavelet, Signal Processing, and DSP System Toolboxes. We first began with the raw, 367 unfiltered scalp EEG data from all 64 channels sampled at 2 kHz, denoted as RC×Nr (C -number 368 of channels; Nr -number of sample points per task). Each row of R was standard score 369 normalized independently. 370 Next, we located the distinctive noise patterns ("synchronization artifacts") that were 371 created by either Marks (Fig. S3a) or Magnets (Fig. S3b) Out of 64 channels, 10 with the highest scaling factor (i.e., standard deviation) were chosen for 379 the synchronization artifact detection due to their proximity to the Wand. Since artifacts across 380 the channels vary only in amplitude, it is best to detect from those with the highest artifact to 381 signal ratio. Additionally, we made three assumptions: DBS artifacts are present in the scalp EEG data (Fig S9c, Fig. S7c ).
406
Scalp EEG Artifact Reduction -Telemetry Switch 407 We tested the functionality of the Scalp EEG Artifact Reduction -Offline Processing 424 We provide here an offline solution for scalp EEG noise reduction to eliminate any 425 artifacts that remain during enabled telemetry, such as: 1) Telemetry restart artifacts (Type I); 2) 426 DBS artifacts (Type II), and 3) and Real-Time iEEG artifacts (Type III) ( Fig. S9c ). Type I 427 artifacts appear as a series of alternating segments of two and three spikes, followed by a larger 428 bi-spike (Fig. S10a) . Similarly, Type II artifacts consist of segments with two spikes, followed 429 by a bi-spike (Fig. S10b) . Spike duration and their relative distance in time were deterministic 430 and fixed-a property that was capitalized upon in our artifact rejection procedure (Spike: 4 431 samples; bi-spike: 16 samples at 2 kHz). Type III artifacts were spikes at 125 Hz (and 432 harmonics) ( Fig. S10c) . 433 Following the automated synchronization method for scalp EEG with iEEG, we 434 normalized the Magnet/Mark-free scalp EEG ST×C×Ns. To do this, we first flattened the input 435 matrix to SC×T⋅Ns (in the same order as it came from the raw data in order to simplify analysis) 436 and then applied the same technique to detect Type I and Type II artifacts as we did with 437 Magnets and Marks. By observing scalp EEG recordings, we constructed binary templates CNc 438 (Nc = 3174 points at 2 kHz) and DNd (Nd = 2824 points at 2kHz), following respective artifact 439 waveforms from Fig. S9c, 10a, S10e -1 and Fig. S10f ) for the two types of artifacts (Na corresponds to number of detected 448 artifacts per observed channel). We then applied PCA on scalp EEG Nc and Nd time series across 449 all channels for each detected artifact separately, while skipping PCA application on adjacent 450 channel pairs [8] . The first 3 PCA components were sufficient to capture the artifacts' shape 451 shared across different channels. We then eliminated clean scalp EEG during non-spike periods 452 by point multiplication PCi,Nc × CNc (and PCi,Nd × DNd) per each channel and each detected 453 sequence, and applied vertical offset correction for each artifact spike so that it started from 0 454 (example Fig. S10d ). For each segment and channel, we fitted artifact templates to corresponding 455 segments in A matrices and subtracted them from it ( Fig. S10e -2 ). Using previously obtained 456 synchronization timestamps, we reconstructed data into a matrix of original dimensions S2,T×C×Ns.
457
In order to clean Type III artifacts, we filtered each time series within the S1 matrix with a low 458 pass Chebyshev Type I infinite impulse (IIR) filter of order eight and with a cut-off frequency of 459 125 Hz, and then downsampled data by a factor of 8 from 2 kHz to 250 Hz. 460 Further artifact rejection can be done using methods reported in [9] . In brief, we used a 461 single channel artifact rejection algorithm in the time-frequency domain. First, the input 250 Hz 462 sampled data were standard score normalized, and then Stationary Wavelet Transform (SWT) 463 was performed (level = 10; Haar base wavelet). Artifact detection was done for approximation 464 and detail coefficients separately. We examined D8, D9, D10, and A10 coefficients for the input 465 scalp EEG frequency band. Empirically determined thresholds detected outstanding discrepancy 466 from scalp EEG's approximatively Gaussian distribution for each set of coefficients:
where N is number of points in input sequence and kA = 0.75, kD = 5. Coefficients identified as 469 potentially containing artifacts were thresholded using the Garrote threshold function, after 470 which inverse SWT was applied to reconstruct cleaned signal. This method was applied to each 471 Ns-point time-series within input S2,T×C×Ns, resulting in output S3,T×C×Ns (Fig. S10e -3 ). For more 472 details, see (GitHub) and [9] . 473 Finally, due to high pass filters with low cut-off frequency integrated into scalp EEG 474 equipment, the presence of artifacts caused a voltage drift in raw data (visible slow transients on 475 Fig. S10e -1,2,3 ). To account for this we applied IIR high pass filter (order = 8; passband ripple 476 = 0.2; cut-off frequency = 2 Hz) on S3,T×C×Ns resulting in clean scalp EEG matrix S4,T×C×Ns (Fig.   477 S10e -4 and Fig. S10g ). To quantify the reduction of artifacts, we calculated the root mean 478 square value (RMS) for S1,T×C×Ns, S4,T×C×Ns, and portions of S1,T×C×Ns with clean scalp EEG. All 479 RMS values were scaled with a maximum RMS value in S1,T×C×Ns for given channel (Fig. S10h,   480 i). Additional cleaning results can be seen in Fig. S11 
